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The	 novelty	 of	 my	 thesis	 is	 to	 add	 to	 the	 academic	 debate	 introduced	 by	 DeMiguel,	
Garlappi,	 and	 Uppal	 (2009)	 an	 attempt	 to	 answer	 the	 question	 whether	 optimized	
portfolio	 strategies	 consistently	 outperform	 the	 naïve-diversification	 strategy.	 	 Earlier	
academic	 studies	 that	 have	 tried	 to	 defend	 the	 optimized	portfolios	 strategies	 against	
the	naïve-diversification	strategy	are	Kritzman,	Page	&	Turkington	(2010)	and	C.Kirby	
and	B.	 Ostdiek	 (2010).	 But	 there	 are	 also	 some	weaknesses	 by	 these	 studies	 that	 the	
datasets	provided	by	Kenneth	French	and	the	performance	is	measured	by	means	of	the	
Sharpe	 Ratio.	 The	 study	 by	 Zakamulin	 (2017)	 aims	 to	 provide	 a	 cautionary	 note	
regarding	 the	 use	 of	 Kenneth	 French	 datasets	 in	 portfolio	 optimization,	 without	
controlling	 whether	 the	 superior	 performance	 appears	 due	 to	 better	 mean-variance	
efficiency	or	due	to	exposures	to	established	factor	premiums.	Also,	almost	all	datasets	
in	 the	 Kenneth	 French	 online	 data	 library	 contains	 the	 low	 volatility	 anomaly.	 In	 this	
thesis	I	want	to	do	a	research	and	find	out	the	answer	of	the	thesis	by	using	16	datasets	
provided	by	Kenneth	French	(2018),	to	find	out	if	the	optimized	portfolio	strategies	can	
consistently	 outperform	 the	 naïve-diversification	 strategy.	 Optimized	 strategies	 are	
simulated	 over	 a	 period	 from	 January	 1963	 to	 December	 2018.	 The	 performance	 is	
measured	by	means	of	Sharpe	ratio	and	Alpha,	the	Capital	Asset	Pricing	Model	and	the	
Fama-French	 3-factor	 model.	 I	 will	 focus	 especially	 on	 the	 Fama-French	 3-factor.	
Additionally	to	the	naïve-benchmark	strategy,	this	thesis	covers	a	study	of	4	optimized	
strategies.	The	results	 show	that	 the	optimized	portfolio	strategies	cannot	outperform	
the	 naïve-diversification,	 either	 can	 the	 naïve-diversification	 beat	 the	 optimized	
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The	 Modern	 Portfolio	 Theory	 (MPT)	 was	 proposed	 by	 Harry	 Markowitz	 during	 the	
decade	of	1960´s,	 the	MPT	was	further	extended	to	the	Capital	Asset	Pricing	Model	by	
William	Sharpe	and	others.	 Subsequently,	 even	 though	 the	early	empirical	 tests	of	 the	
CAPM	cast	doubt	on	the	validity	of	this	theory,	both	the	MPT	and	CAPM	were	accepted	
by	 academics	 during	 1970s.	 Only	 by	 the	 end	 of	 1990s	 some	 academics	 raised	 the	






is	 no	 scientific	 evidence	 that	 optimized	 (in	 accordance	 with	 the	 MPT)	 portfolios	
outperform	the	naïve	diversification	strategy.		There	are	lots	of	academic	studies	related	
to	 this	 topic.	 I	 will	 mention	 these	 in	 literature	 review	 like	 Kritzman,	 Page	 and	
Turkington	 (2010),	 Tu	 and	 Zhou	 (2011),	 Kirby	 and	Ostdiek	 (2012),	 and	many	 others.	
Kritzman	 et	 al	 (2010)	 argue	 that	 optimized	 portfolios	 (mean-variance	 and	minimum-
variance)	 are	 better	 than	 the	 naïve	 portfolio.	 However,	 Kritzman	 et	 al	 (2010)	 do	 not	
present	 any	 scientific	 evidence.	 They	 compute	 the	 Sharpe	 ratios,	 but	 do	 not	 test	 the	
hypothesis	of	equal	Sharpe	ratios.	When	it	comes	to	deficiencies	of	studies	that	defend	
the	 optimization	 strategies,	 it	 is	 that	 all	 of	 them	have	 some	 common.	 All	 the	 datasets	
from	Kenneth	French	contains	low-volatility.		
	
The	 problem	 for	 the	 thesis	 is	 optimized	 portfolios	 can	 consistently	 beat	 the	 naïve	
diversification	strategy.	The	problem	is	related	to	the	academic	debate	initiated	by	the	
study	by	DeMiguel,	Garlappi,	 and	Uppal	 (2009).	Kenneth	French	provides	 the	data	 for	
the	 thesis.	 All	 datasets	 represent	 value-weighted	 portfolios	 formed	 using	 different	
criteria.	 In	 this	 thesis	 I	want	 to	do	a	research	and	 find	out	 the	answer	of	 the	thesis	by	
using	 16	 datasets	 provided	 by	 Kenneth	 French	 to	 find	 out	 if	 the	 optimized	 portfolio	






date	 use	 January	 1963	 and	 end	 at	 December	 2018.	 	 In	 addition	 to	 the	 naïve	
diversification	 strategy,	 the	 following	 of	 optimized	 portfolios	 are	 minimum-variance,	




estimate	 the	 variance-covariance	matrix	 and	 the	 vector	 of	 expected	 return.	 Then	 the	
composition	 of	 the	 optimized	 portfolios	 each	 month	 is	 rebalanced.	 There	 are	 no	
transaction	costs.		
	








In	 Modern	 Portfolio	 Theory	 (MTP)	 managing	 when	 trying	 to	 calculate	 the	 correct	
expected	 return	 on	 a	 portfolio,	 it	 is	 essential	 that	 the	optimal	 volatility	 return	will	 be	
calculated	 correctly	 (Markowitz	 [1952]).	 	 The	 Capital	 Asset	 Pricing	Model	 (CAPM)	 by	
Sharpe	(1964),	and	others,	contributed	to	the	modern	portfolio	theory	and	built	further	
on	 the	 assumption	 that	 the	 individual	 investor´s	 desire	 and	preference	 for	 a	 portfolio	
can	be	explained	by	a	utility	function	of	the	two	parameters,	expected	return	and	risk.		
	
By	 using	 16	 datasets	 all	 provided	 by	 Kenneth	 French	 and	 three	 different	 optimized	
strategies,	 I	 did	 research	 into	 this	 interesting	 topic	 by	 testing	 for	 the	 equality	 of	
performance	of	the	optimized	strategies	and	naïve	rule	using	the	Sharpe	Ratio	and	also	
CAPM	alpha	and	Fama-French	3	factor-model.	My	goal	is	to	find	if	these	16	datasets	can	







the	 topic.	 Then	 I	will	 provide	 the	 descriptive	 statistics	 for	 the	 data	 that	 are	 used,	 the	
methodology	 following	 the	 strategies	 and	 then	 the	 empirical	 results	 and	 finally	
discussion	 of	 the	 assumed	 results	 and	 conclusion.	 The	 literature	 review	 is	 to	 give	 a	
background	 to	 the	 research	 and	 to	 defend	 the	 paper	 as	 contribute	 to	 the	 debate.	 The	
section	of	data	describes	and	presents	the	datasets	that	I	have	chosen	to	download	and	
used	in	the	research	of	the	paper.	The	methodology	has	the	different	optimized	portfolio	






Further,	 I	 can	 conclude	 that	 the	 optimized	 strategies	 either	 outperform	 naïve	















has	 been	 completed	 on	 related	 topics	 that	 I	 cover	 in	 this	 thesis.	 Many	 studies	 claim	
defend	the	value	of	portfolio	optimization	since	the	publication	of	the	paper	by	DeMiguel	
et	al.	 (2009).	 	But	 first	we	can	take	a	 look	back	to	the	theoretical	 framework	that	past	
into	 the	 history	 of	 the	 Modern	 Portfolio	 Theory	 (MTP),	 to	 get	 it	 from	 a	 historical	






attributed	 to	 its	 simplicity.	 Some	 years	 earlier	 Sharpe	 (1964)	 formed	 on	 MTP	 with	
“Capital	Asset	Prices:	A	theory	of	market	equilibrium	under	conditions	of	risk”	where	he	
introduced	 an	 important	 concept	 for	 that	 later,	 and	 with	 others	 (Treynor	 (1961),	








these	 studies,	 and	 therefor	 interesting	 for	 this	 thesis.	 Low-volatility	 strategies	 are	
portfolios	 of	 less	 risky	 assets,	 with	 the	 function	 of	 lowering	 the	 portfolios	 volatility.	
Based	 on	 traditional	 assumptions	 about	 the	 risk-reward	 connection,	 such	 strategies	
would	 expect	 to	 deliver	 lower	 risk-adjusted	 returns.	 This	 is	 based	when	 taking	more	
risk,	one	would	expect	to	be	compensated	by	earning	higher	return.	There	is	expected	to	
hold	 for	another	 important	 factor	 in	 low-volatility	 investing,	which	 is	 low-beta.	This	 is	
according	 to	 CAPM,	 portfolios	with	 high	 beta	 that	 have	 higher	 expected	 returns	 than	
	 12	
portfolios	with	low	beta.	By	testing		the	low-beta	strategies	out-of-sample,	they	find	such	











explain	 the	 returns	 by	 their	 exposure	 to	 different	 sources	 of	 risk.	 	 Blitz	 and	 van	Vliet	
(2007)	 found	that	 it	was	still	significant	alpha	present	 in	their	 low-volatility	portfolios	




A	recently	popularized	 low-volatility	asset-allocation	that	mentioning	 is	 the	risk	parity	
strategy.	 There	 are	 several	 approaches	 to	 constructing	 a	 risk-parity	 portfolio,	 the	
general	objective	is	to	weight	each	asset	 in	proportion	to	their	risk	so	that	every	asset	
will	 have	 an	 equal	 risk	 contribution	 to	 the	 total	 risk	 of	 the	 portfolio.	 The	 portfolio	




Chow,	 Hsu,	 Kuo	 and	 Li	 (2013)	 provide	 a	 comprehensive	 survey	 of	 low-volatility	
strategies.	The	paper	points	out	that	since	global	financial	crisis,	low	volatility	portfolios	
based	 on	 U.S	 assets	 have	 outperformed	 the	 market	 by	 delivering	 higher	 returns	 and	
Sharpe	 Ratios,	 with	 only	 two/thirds	 the	 volatility	 risk.	 They	 also	 found	 that	 low-





The	 topic	 of	 naïve	diversification	being	 able	 to	 consistently	 outperform	 the	optimized	
strategies	 has	 been	 a	 discussion	 in	 modern	 time,	 where	 the	 paper	 considered	 by	 V.	
DeMiguel,	 L.	 Garlappi	 and	 R.	 Uppal	 have	 found	 that	 none	 of	 the	 optimized	 portfolio	









where	DeMiguel	 et.	 al.	 did	not	 claim	 this,	was	 rejecting	 from	 improbable	 assumptions	
and	 presenting	 the	 opinion	 that	 optimized	 portfolio	 strategies	 outperform	 the	 naïve	
rule.	 	 (Kritzman,	 Page	 &	 Turkingston,	 2010,	 p.	 37).	 Further,	 J.Tu	 and	 G.	 Zhou	 (2011)	
recommended	 a	 combination	 of	 the	 naïve	 diversification	 rule	 and	 one	 of	 the	 four	
sophisticated	strategies.	Most	of	the	cases	they	outperform	the	naïve	diversification,	but	
they	 also	 found	 a	 combination	with	 the	 sophisticated	 strategies.	 Then,	 C.Kirby	 and	 B.	
Ostdiek	 (2012)	 introduce	 two	optimization	strategies:	volatility	 timing	and	reward-to-




that	 can	 beat	 the	 naïve-diversification	 strategy.	 The	weakness	 to	 these	 studies	 is	 that	
different	 portfolio	 optimization	 methods	 are	 implemented,	 using	 the	 datasets	
generously	provided	by	Kenneth	French	and	the	performance	is	measured	by	means	of	
the	Sharpe	Ratio.	Zakamulin	(2017)	aims	to	provide	a	cautionary	note	regarding	to	the	
use	 of	 Kenneth	 French	 datasets	 in	 portfolio	 optimization	without	 controlling	whether	
the	 superior	 performance	 appears,	 due	 to	 better	 mean-variance	 efficiency	 or	 due	 to	




diversification,	 it	 shows	 that	 these	 portfolios	 are	 tilted	 towards	 assets	 with	 lowest	





























































In	 this	 section	 the	 techniques	 that	 are	 implemented	 to	 relevant	 portfolios	 will	 be	
presented.	The	CAPM	and	Fama/French	3	 factor-model	will	 be	presented,	 to	 estimate	
alpha.	 The	 statistical	 software	 R	 is	 the	 source	 that	 is	 used	 for	 all	 estimation	 and	
computational	 resolutions.	 The	 resolutions	 for	 R	 code	 will	 be	 in	 the	 appendix.		
	
4.1	Strategies	
This	 thesis	 applies	 five	 portfolio	 optimization	 strategies.	 All	 portfolio	 optimization	




Strategy	 	 	 	 Abbreviation	
1	 Naïve-diversification	 	 Naïve.div.	
2	 Minimum-variance	 	 	 Min.-var	
3		 Maximum-diversification	 	 Max.-div.	
4	 Risk-parity	 	 	 	 R.port	
4.1.1	Naïve-diversification		
The	 naive-diversification	 strategy	 is	 independent	 of	 the	 statistical	 properties	 of	
historical	 returns	 and	 is	 completely	 dependent	 on	 the	 number	 of	 assets.	 The	 Naïve-
diversification	strategy	is	often	credited	to	the	Babylonian	Talmud,	where	it	was	stated	
that	one´s	money	should	always	be	equally	divided	into	three;	land,	merchandise	and	for	
keeping	 ready	 at	 hand,	 which	 can	 be	 interpreted	 as	 a	 Naïve-diversification	 of	 three	
assets.	The	weights	of	assets	in	the	Naïve-diversification	strategy	are	given	by	the	
	







Traditional	 portfolio	 construction	 depends	 on	 estimates	 of	 future	 returns.	 The	
estimations	 are	 not	 very	 precise	 and	 exceptionally	 to	 estimation	 error,	which	 in	 turn	
leads	 to	 suboptimal	 performance.	When	we	 hypothesis	 a	minimum	variance	 portfolio	
we	 only	 need	 the	 covariance	 between	 historical	 returns.	 This	 reduces	 the	 risk	 as	 the	
covariance	matrix	 can	be	estimated	more	precisely	 (Kempf	and	Memmel	 (2002)).	The	
concept	 of	 minimum	 variance	 dates	 back	 to	 the	 effort	 of	 Markowitz	 (1952),	 which	
shaped	modern	portfolio	theory,	as	we	know	it.	
	
By	 the	 fact	 that	 the	 variance-covariance	 matrix,	Σ,	of	 stock	 returns	 can	 be	 estimated	
much	 more	 precisely	 than	 the	 mean	 returns,	 Clarke,	 de	 Silva,	 and	 Thorley	 (2006)	
proposed	to	implement	the	minimum-variance	portfolio	(the	goal	is	to	minimize	the	risk	




!! = Σ!!!!  , !"#$%&' !" Σ !! = 1  	 	 	 	 (2)	
	
Where	xp	is	the	return	on	the	portfolio,	wi	is	the	weight	invested	in	asset	i,	and	xi	is	the	
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Where	1	 is	 a	 column	vector	of	 one	and	w	 is	 a	 column	vector	of	 the	portfolio	weights.	
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Choueifaty	 and	 Coignard	 (2008)	 defined	 the	 diversification	 ratio	 as	 the	 ratio	 of	 the	
weighted	average	of	 standard	deviations	devided	by	 the	 standard	of	 the	 strategy.	The	
Maximum-diversification	 strategy	 provides	 similar	 results	 to	 other	 strategies	 under	
certain	 conditions.	 The	maximization	 problem	 in	 the	 formula,	 is	 to	 constraint	 stating	
that	the	sum	of	weights	must	equal	100%	if	the	expected	excess	return	of	portfolios	is	
proportional	 to	 their	 standard	 deviation.	 The	 maximum-strategy	 is	 similar	 to	 the	
Minimum-variance	 strategy,	 only	 if	 all	 portfolios	 have	 the	 same	 standard	 deviation.	 If	
the	 correlation	 matrix	 is	 invertible	 and	 some	 other	 conditions	 are	 fulfilled,	 then	 the	
Maximum-diversification	 strategy	 provides	 similar	 results	 to	 the	 Risk-Parity	 strategy	
(Choueifaty	&	Coignard,	2008,	p.	41-43)	
The	portfolio	 that	has	 the	minimum	variance	 is	heavily	concentrated	 in	 the	asset	with	




The	Risk-Parity	 strategy	 allocates	 risk	 equally	 between	 all	 portfolios.	 The	weights	 are	
computed	by	the	formula	and	you	can	also	see	the	normalization	factor	calculated	by	the	
formula.	Relative	 to	 the	Tangency	strategy,	 the	Risk-parity	overweighs	safer	portfolios	
(Asness,	Frazzini	&	Pedersen,	2012)	
The	 weights	 of	 the	 asset	 i	 is	 inversely	 proportional	 to	 its	 standard	 deviation	 and	 is	
determined	by	
	















relationship	 between	 risk	 and	 return.	 This	 is	 one	 of	 the	 most	 famous	 and	 well-used	
ratios.	 The	 ratio	 can	 explain	 a	 lot	 suitable	 to	 the	 performance	 and	 it	 is	 simple	 to	
implement,	because	it	only	consists	of	three	components.	It	is	given	by	
	








The	 higher	 Sharpe	 Ratio,	 the	 more	 excess	 return	 portfolios	 can	 expect	 to	 deliver	 for	
extra	volatility	 that	 they	are	exposed	 to	by	holding	a	 riskier	 asset,	 that	mean	 the	best	
performing	portfolio	would	be	the	one	with	the	highest	Sharpe	Ratio.		
	
The	 Sharpe	 Ratio	 is	 derived	 as	 the	 slope	 of	 the	 CAL.	 The	 Sharpe	 Ratio	 measures	 a	
portfolios	performance	by	its	expected	excess	return	divided	by	expected	risk.	
It	is	expected	that	different	portfolios	would	have	different	Sharpe	Ratios.	Test	given	by	




To	 measure	 the	 performance	 of	 strategies,	 the	 Sharpe	 ratio	 by	 W.	 Sharpe	 (1994)	 is	
estimated.	The	Sharpe	Ratio	test	have	the	null-hypothesis	H0	:	SR1	–	SR2	=	0.	The	Sharpe	
Ratio	are	the	test	statistic	divided	by	its	asymptotic	standard	deviation,	estimated	by	the	








	 	 	 	 (10)	
	
Where		 	 T	=	number	of	observations	












Usually	 the	 single	 factor	 model	 is	 motivated	 by	 the	 CAPM.	 In	 the	 CAPM,	 the	 Capital	




Alpha	 estimates	 are	 also	 a	 performance.	 The	 Alphas	 are	 estimated	 by	 Ordinary	 Least	
Squares	 (OLS)	of	 factor	models,	which	also	called	 intercepts	of	 linear	regressions.	The	
single-factor	model	is	estimated	by	the	OLS	to	abtain	the	Alpha	estimate	
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Also	 to	 the	 excess	 market	 return,	 the	 Fama-French	 3-factor	 model	 includes	 factors	
































Back-testing,	 also	 called	 out-of-sample	 simulation,	 is	 a	method	 for	 empirically	 testing	
strategies	based	on	historical	data,	and	to	also	measure	the	performance	of	strategies	in	
practice.	 Back-testing	 is	 useful	 because	 there	 are	 many	 possible	 strategies,	 and	 a	




are	 simulated.	 The	 look-back	 period	 is	 the	 rolling	 window,	 which	 is	 a	 constant	 time	
length	 in	 the	 past	 that	 the	 investment	 is	 based	 on.	 The	 training	 period	 has	 the	 same	
length	 as	 the	 look-back	 period.	 In	 back-testing	 the	 portfolios	 are	 functional,	 which	
means	 that	 the	weights	 in	 the	strategies	are	re-balanced	each	month.	The	weights	are	
re-computed	by	the	optimization	of	the	strategies	with	the	data	in	the	look-back	period.	
	 23	









Shrinkage	 intention	 is	 to	decrease	 estimation	 error.	The	 Shrinkage	 estimation	has	 the	
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the	 quadratic	 loss	 function	 between	 the	 shrinkage	 estimator	 and	 the	 true	 covariance	
matrix.	This	constant	is	an	estimate	that	is	why	it	is	denoted	with	a	hat	on	Equation.		The	
optimal	 Shrinkage	 constant	 minimizes	 the	 expected	 distance	 between	 the	 Shrinkage	
estimator	and	the	true	covariance	matrix	(Ledoit	&	Wolf,	2003,	p.7)	
	
The	 estimation	 is	 a	 weighted	 convex	 linear	 combination	 of	 the	 rolling	 historical	














































Annualized	 Sharpe	 Ratios	 with	 the	 p-values	 of	 the	 Sharp	 Ratio	 test	 in	 parentheses.	











#	 Dataset	 Naive	 Min.var	 Max.div	 R.P.	
	 	 	 	 	 	
1	 BEME	 0.53	 0.51	(0.75)	 0.48	(0.07)	 0.53	(0.24)	
2	 Size	 0.47	 0.42	(0.37)	 0.46	(0.66)	 0.47	(0.81)	
3	 EP	 0.56	 0.50	(0.30)	 0.53	(0.76)	 0.54	(0.75)	
4	 Ind	 0.48	 0.51	(0.69)		 0.49	(0.88)	 0.50	(0.02)	
5	 BEME25	 0.50		 0.49	(0.92)	 0.44	(0.12)		 0.52	(0.06)	
6	 Inv	 0.54	 0.58	(0.28)	 0.54	(0.00)	 0.56	(0.00)	
7	 Mom	 0.38	 0.44	(0.11)	 0.42	(0.23)	 0.40	(0.006)	
8	 Profit	 0.47	 0.59	(0.01)	 0.44	(0.00)	 0.49	(0.00)	
9	 Acc	 0.50	 0.61	(0.01)	 0.51	(0.00)	 0.51	(0.00)	
10	 CFP	 0.54	 0.51(0.42)	 0.52	(0.49)	 0.54	(0.58)	
11	 DY	 0.48	 0.52	(0.43)	 0.47	(0.80)	 0.49	(0.02)	
12	 STR	 0.44	 0.44	(0.91)	 0.38	(0.14)	 0.44	(0.18)	
13	 LTR	 0.48	 0.53	(0.18)	 0.46	(0.35)	 0.49	(0.15)	
14	 MaBe	 0.49	 0.65	(0.05)	 0.55	(0.13)	 0.53	(0.00)	
15	 NSI	 0.44	 0.48	(0.30)	 0.49	(0.01)	 0.45	(0.00)	








#	 Dataset	 Naive	 Min.var	 Max.div	 R.P.	
	 	 	 	 	 	
1	 BEME	 0.13	 0.16	(0.95)	 0.14	(0.08)	 0.15	(0.41)	
2	 Size	 0.08	 -0.00	(0.20)	 0.09	(0.36)	 0.10	(0.43)	
3	 EP	 0.11	 0.12	(0.47)	 0.12	(0.95)	 0.13	(0.57)	
4	 Ind	 0.09	 0.17	(0.20)	 0.12	(0.52)	 0.11	(0.01)	
5	 BEME25	 0.16	 0.12	(0.65)	 0.44	(1.34)	 0.18	(0.07)	
6	 Inv	 0.00	 0.01	(0.25)	 0.10	(0.01)	 0.10	(0.00)	
7	 Mom	 0.01	 0.01	(0.46)	 0.01	(1.13)	 0.01	(0.35)	
8	 Profit	 0.02	 0.13	(0.05)	 0.08	(0.00)	 0.06	(0.05)	
9	 Acc	 0.01	 0.10	(0.02)	 0.01	(0.00)	 0.05	(0.03)	
10	 CFP	 0.05		 0.06	(0.20)	 0.10	(0.32)	 0.08	(0.42)	
11	 DY	 0.15	 0.20	(0.05)	 0.17	(0.01)	 0.16	(0.04)	
12	 STR	 0.00	 0.02	(0.68)	 -0.07	(0.02)	 0.01	(0.22)	
13	 LTR	 0.01		 0.01	(0.48)	 0.01	(5.88)	 0.01	(0.90)	
14	 MaBe	 0.02	 0.15	(0.04)	 0.03	(0.40)	 0.05	(0.02)	
15	 NSI	 0.01	 0.01	(0.09)	 0.03	(0.02)	 0.00	(0.01)	
16	 ResVar	 0.01		 0.10	(0.02)	 0.01	(0.27)	 -0.01	(0.00)	
	
P-value	 for	 testing	equality	of	 two	alphas.	Alpha	estimates	 from	the	OLS	estimation	of	








#	 Dataset	 Naive	 Min.var	 Max.div	 R.P.	
	 	 	 	 	 	
1	 BEME	 -0.00	 0.03	(0.31)	 0.00	(0.03)	 0.01	(0.03)	
2	 Size	 -0.02	 0.04	(0.22)	 0.00	(0.05)	 -0.02	(0.08)	
3	 EP	 0.05		 0.01	(0.13)	 0.05	(0.44)	 0.05	(0.37)	
4	 Ind	 0.04	 0.11	(0.29)	 0.46	(0.95)	 0.06	(0.03)	
5	 BEME25	 0.00	 0.00	(0.31)	 0.03	(0.43)	 0.08	(0.17)	
6	 Inv	 0.01	 0.03	(0.62)	 0.10	(0.01)	 0.07	(0.21)	
7	 Mom	 0.01	 0.01	(0.66)	 0.01	(2.28)	 0.01	(0.68)	
8	 Profit	 0.15	 0.07	(0.05)	 0.01	(0.02)	 0.06	(0.05)	
9	 Acc	 0.03	 0.10	(0.01)	 0.07	(0.01)	 0.06	(0.03)	
10	 CFP	 0.08	 0.05	(0.36)	 0.01	(0.59)	 0.08	(0.53)	
11	 DY	 0.10		 0.15	(0.74)	 0.16	(0.14)	 0.05	(0.24)	
12	 STR	 0.01		 0.01	(0.62)	 0.01	(0.08)	 0.01	(0.25)	
13	 LTR	 0.01		 0.01	(0.40)	 0.01	(0.39)	 0.01	(0.97)	
14	 MaBe	 -0.02	 0.10	(0.04)	 0.01	(0.00)	 0.03	(0.01)	
15	 NSI	 -0.01		 -0.00	(0.20)	 -0.01	(0.08)	 0.15	(0.08)	
16	 ResVar	 0.02	 0.11	(0.01)	 0.04	(0.05)	 0.05	(0.03)	
	
P-value	 for	 testing	equality	of	 two	alphas.	Alpha	estimates	 from	the	OLS	estimation	of	
the	 Fama-French	 3-factor	 model.	 The	 p-values	 of	 the	 Alpha	 test	 are	 in	 parentheses.	
Alpha	estimates	that	are	significant	at	a	5%-significance	level	are	bolded	and	Alpha.		
	
If	 the	 P-values	 of	 the	 alphas	 are	 below	 0.05,	 then	 we	 can	 say	 that	 the	 portfolio	 is	
significant.	We	are	95%	sure	that	the	optimized	strategy	has	higher	optimized	portfolios	
than	 that	 of	 the	 naïve-diversification	 strategy.	 That	means	 that	 if	 the	 null	 hypothesis	
were	rejected	at	the	5%	level,	the	result	of	the	test	would	be	statistically	significant.	 	If	





The	null	 hypothesis	of	 the	Sharpe	Ratios	being	 insignificantly	different	 from	zero	was	
rejected	 of	 the	 test.	 Sixteen	 datasets	 and	 three	 optimization	 strategies	 were	 used	 in	
addition	 to	 naïve	 diversification.	 This	 grants	 us	 a	 total	 of	 48	 p-values,	were	 18	which	
below	the	chosen	significant	level	of	5%.	Some	of	the	SR	of	the	optimized	portfolio	was	
actually	 smaller	 than	 the	 naïve	 strategy.	 This	 result	 uses	 the	 Sharpe	 Ratio	 as	 the	
performance	 measure	 and	 is	 only	 statistically	 valid	 given	 the	 chosen	 period.	 These	
results	 cast	 some	 doubt	 on	 the	 ability	 of	 optimized	 portfolios	 to	 outperform	 naïve	
diversification.		
	
From	 the	 output	 of	 Sharpe	 Ratios	 represented	 in	 Table	 3,	 it	 is	 of	 interest	 to	 infer	 if	
optimized	 portfolio	 strategies	 outperform	 the	 Naïve-diversification	 strategy.	 A	
significantly	 different	 and	 higher	 Sharpe	 Ratio	 would	 imply	 that	 the	 strategy	
outperforms	the	Naïve-diversification	strategy.	However,	 the	 frequency	of	significantly	
different	Sharpe	ratios	for	different	datasets	provides	an	indication	as	to	if	the	strategy	
can	 consistently	 outperform	 the	 Naïve-diversification	 strategy.	 In	 Table	 3,	 there	 are	
significant	and	higher	Sharpe	ratios	for	optimized	portfolio	strategies	in	9	of	16	datasets.	
This	implies	that	in	9	out	of	16	cases,	depending	on	the	variable	on	which	the	portfolios	
are	 formed	 on,	 the	 Naïve-diversification	 strategy	 is	 outperformed	 by	 an	 optimized	
portfolio	 strategy.	 Some	 variables	 have	 more	 strategies	 that	 outperform	 the	 Naïve-
diversification	 strategy	 than	 other	 variables.	 Further,	 portfolios	 formed	 on	 Operating	
Profitability	and	Accruals	have	the	most	optimized	portfolio	strategies	that	outperform	
the	 Naïve-diversification	 strategy,	 which	will	 say	 in	 all	 three	 strategies.	 There	 is	 also	
Market	Beta	that	has	the	highest	significant	Sharpe	Ratio	with	0.65.		As	for	the	strategies,	
the	Risk-Parity	strategy	outperforms	the	Naïve-diversification	strategy	in	9	of	16	cases.	
Even	 though	 the	Sharpe	 ratios	of	 the	Risk-parity	are	 significantly	different	and	higher	
than	 the	 Sharpe	 Ratios	 of	 the	 Naïve-diversification	 strategy,	 the	 differences	 are	 quite	






From	 the	 estimates	 of	 Alphas	 CAPM	 that	 is	 represented	 in	 Table	 4,	 it	 is	 possible	 to	
conclude	 whether	 there	 is	 significant	 expected	 excess	 return,	 unexplained	 by	 the	
market,	 of	 a	 specific	 strategy	 and	 whether	 the	 expected	 excess	 return	 is	 significant	
higher	than	the	Alpha	estimate	of	the	Naïve-diversification	strategy.	If	an	Alpha	estimate	
were	 significantly	 different	 and	 higher	 than	 the	 Alpha	 estimate	 of	 the	 Naïve-





whether	 the	 expected	 excess	 return	 is	 significantly	 higher	 than	 that	 of	 the	 Naïve-
diversification	strategy.	If	an	Alpha	estimate	is	significantly	different	and	higher	than	the	
Alpha	 estimate	 of	 the	 Naïve-diversification	 strategy,	 then	 it	 would	 imply	 that	 the	
strategy	of	the	Alpha	estimate	outperforms	the	naïve-diversification	strategy.	 	In	Table	




Naïve-diversification	 strategy	 than	 other	 variables.	 Further,	 datasets	 formed	 on	
Operating	Profitability,	Accruals	and	Dividend	Yield	have	 the	most	optimized	portfolio	
strategies	that	outperform	the	Naïve-diversification	strategy,	which	will	say	in	all	three	













In	 the	 analytical	 interpretation	 it	 is	 applied	 to	 the	 Alpha	 estimates	 estimated	 in	 the	
Fama-French	 3-factor	 model.	 From	 the	 output	 of	 Alpha	 represented	 in	 Table	 5,	 it	 is	
possible	to	infer	whether	there	is	significant	expected	excess	return,	unexplained	by	the	
market,	 of	 a	 specific	 strategy	 and	whether	 the	 expected	 excess	 return	 is	 significantly	
higher	 than	 that	 of	 the	 Naïve-diversification	 strategy.	 If	 an	 Alpha	 FF3	 estimate	 is	







other	 variables.	 Further,	 datasets	 formed	 on	 Operating	 Profitability,	 Accruals	 and	
Market	 Beta	 and	 Residual	 Variance	 have	 the	most	 optimized	 portfolio	 strategies	 that	
outperform	 the	 Naïve-diversification	 strategy,	 which	 will	 say	 in	 all	 three	 strategies.	
Residual	Variance	has	also	the	highest	significant	alpha	with	0.11.		As	for	the	strategies,	
the	Maximum-diversification	strategy	outperforms	the	Naïve-diversification	strategy	in	
8	 of	 16	 cases.	 Even	 though	 the	 Alpha	 FF3	 of	 the	 maximum-diversification	 are	
significantly	 different	 and	 higher	 than	 the	 Alpha	 FF3	 of	 the	 Naïve-diversification	
















Book-to-market	 550.19	 551.90	 405.17	 431.10	 484.59	
Size	 549.96	 524.98	 350.51	 198.30	 405.94	
EP	 458.35	 451.98	 510.51	 301.22	 430.52	
Industry	 333.60	 356.64	 281.81	 266.76	 309.70	
Size	and	BM	 684.11	 741.17	 320.26	 352.03	 524.39	
Investment	 180.23	 194.31	 190.39	 181.07	 186.5	
Momentum	 191.85	 218.86	 310.83	 275.92	 128.47	
Profit	 107.57	 117.14	 83.81	 205.34	 128.47	
Accruals	 130.78	 139.78	 144.95	 206.04	 155.39	
Cashflow	Price	 427.58	 425.65	 413.34	 316.29	 395.72	
Dividend	Yield	 328.36	 346.21	 291.14	 354.79	 330.13	
Short	Term	Reversal	 250.74	 252.71	 153.82	 217.65	 218.73	
Long	Term	Reversal	 452.24	 457.60	 462.64	 558.35	 482.71	
Market	Beta	 145.33	 163.34	 152.95	 172.94	 158.64	
Net	Share	Issues	 87.30	 95.29	 122.52	 102.74	 101.96	
Residual	Variance	 101.63	 129.42	 40.60	 157.83	 107.37	




Table	 6	 shows	 the	 performance	 of	 datasets	 and	 strategies	 in	 terms	 of	 financial	 value,	
ignoring	any	market	 resistances	 like	 transaction	 costs.	The	 table	 shows	 the	answer	of	
how	much	one	would	have	 in	 the	end	of	 the	year	2018	 if	 they	had	 invested	$1	 in	 the	
beginning	 of	 the	 testing	 period.	 The	 largest	 amount	 is	 highlighted	 in	 bold	 and	 the	
smallest	 inn	 cursive	 for	 each	 dataset.	 Risk	 Parity	 has	 the	 largest	 average,	 and	 an	 end	
return	 for	 five	 out	 of	 16	 datasets.	 Minimum-variance	 ends	 up	 with	 quite	 impressive	
return	that	had	the	 largest	datasets	 in	six	out	of	16,	but	has	also	three	of	 the	smallest.	
Maximum-diversification	 ends	 up	 with	 the	 smallest	 end	 amount	 in	 six	 out	 of	 the	 16	










The	 Sharpe	 Ratio	 favors	 the	 Risk-parity	 strategy.	 The	 Risk-parity	 strategy	 has	mostly	
higher	 Sharpe	 Ratios	 than	 the	 Naive-diversification	 strategy	 that	 are	 significantly	
different.	Minimum-variance	has	a	 lot	of	Sharpe	Ratios	that	are	higher	than	the	Naïve-
diversification	strategy.	The	output	of	OLS	estimation	of	the	Single-factor	model	CAPM	
favors	 the	 maximum-diversification	 strategy.	 The	 maximum-diversification	 has	 the	
highest	and	most	significant	Alpha	estimations	that	are	also	significantly	different	to	the	
Naïve-diversification	strategy.	And	in	the	Alpha	estimates	estimated	by	OLS	of	the	Fama-
Franch	 3-factor	 model,	 there	 are	 the	 maximum-diversification	 the	 highest	 and	 most	
significant	estimations	compared	to	the	naïve-diversification.	
Some	datasets	 perform	 a	 lot	 greater	 for	many	 of	 the	 strategies,	while	 others	 perform	
weakly	for	the	strategies.	
	
By	 the	empirical	 results	 implementing	 the	out-of-sample	 test	period,	 it	 shows	 that	 the	




conclusions	 as	 DeMiguel	 et	 al.	 (2009)	 that	 nobody	 of	 the	 optimized	 portfolios	
statistically	outperforms	the	naïve-diversification	strategy.	However,	this	also	holds	the	
other	way	around,	 in	that	naïve-diversification	strategy	do	not	statistically	outperform	
the	optimized	portfolios.	That	means	 it	 is	 equally-weighted.	 In	DeMiguel	 et	 al.	 (2009),	







strategies	 are	 often	 debated.	 The	 Sharpe	 Ratio	 as	 a	 measure	 of	 performance	 in	
incomplete	in	the	sense	of	explaining	the	source	of	performance	gains.	By	the	interest	it	
would	be	 to	consider	different	performance	measures,	and	to	measure	 their	quality	 in	
explaining	the	performance	of	strategies.		
	
Based	on	 the	Sharpe	alone,	 the	minimum-variance	strategy	 is	 the	worse	strategy.	This	
would	 be	 the	 strategy	 that	 delivers	 lowest	 risk-adjusted	 return	 of	 all	 the	 portfolio	
models	considered	in	the	academic	study.		
Kritzman	 et	 al.	 (2010)	 show	 that	 the	 minimum-variance	 strategy	 is	 superior	 to	 the	
naïve-diversification.		
	














In	 the	 minimum-variance,	 maximum-diversification	 strategy	 and	 the	 Risk-parity	














little	 question	 on	 whether	 or	 not	 optimization	 leads	 to	 performance.	 Can	 optimized	
portfolio	 strategies	 consistently	 outperform	 the	 naïve-diversification	 strategy?	 Of	 the	
research	I	have	pointed	out	two	academic	papers	with	different	conclusions.	DeMiguel	











each	other.	 I	conclude	that	 the	performance	of	 the	optimized	portfolios	and	the	naïve-
diversification	do	not	outperform	each	other.	Further,	I	find	that	the	difference	between	
the	 Sharpe	 Ratios	 of	 the	 optimized	 portfolios	 were	 not	 consistently	 statistically	





The	 research	 problem	 is	 which	 is	 whether	 optimized	 portfolio	 strategy	 consistently	
outperform	 the	naïve-diversification	 strategy	 cannot	be	 answered	by	 a	 yes	or	no.	The	
estimates	 to	answer	 the	 research	problem	have	been	estimated.	The	empirical	 results	
	 35	
presented	 in	 the	 thesis,	 it	 can	 be	 specified	 that	 optimized	 portfolio	 strategy	 does	 not	
outperform	 the	 naïve-diversification	 strategy,	 either	 the	 naïve-diversification	
outperform	 the	 optimized	 strategy.	 There	 is	 no	 evidence	 to	 prove	 that	 the	 optimized	
portfolio	does	outperform	the	naïve-diversification	or	the	other	way	around	where	we	
do	 not	 reject	 the	 significance	 at	 least	 95%.	 A	 finish	 to	 this	 thesis	 is	 inspire	 the	
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The	16	datasets	have	all	 each	graph	with	 four	portfolios	with	 four	different	 strategies	








also	 the	highest	 portfolios,	 especially	 after	 the	downward	 fall	 around	1975.	Minimum	




























































BE-ME	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.87	 0.97	 1.00	 0.94	 0.957	 1.067	 0.997	 1.115	 1.25	 1.30	
Median	 0.96	 1.17	 1.17	 1.10	 1.21	 1.25	 1.17	 1.285	 1.665	 1.64	
Std.dev	 5.02	 4.57	 4.51	 4.58	 4.37	 4.30	 4.53	 4.585	 4.88	 6.06	
Min	 -22.72	 -24.8	 -25.72	 -23.59	 -23.50	 -23.08	 -24.32	 -24.88	 -19.35	 -26.36	
Max	 23.03	 19.55	 17.08	 18.51	 17.57	 18.44	 22.19	 22.70	 22.28	 34.84	
Range	 45.75	 44.35	 42.80	 42.10	 41.07	 41.52	 46.51	 47.58	 41.63	 61.20	
	
Table	8:	Size	decile	portfolios		
ME	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 1.16	 1.12	 1.20	 1.13	 1.15	 1.09	 1.10	 1.08	 1.00	 0.88	
Median	 1.3	 1.365	 1.60	 1.45	 1.63	 1.32	 1.28	 1.3	 1.32	 1.10	
Std.dev	 6.22	 6.27	 5.96	 5.73	 5.51	 5.18	 5.08	 4.94	 4.52	 4.16	
Min	 -28.92	 -30.48	 -28.93	 -29.45	 -28.12	 -26.15	 -26.23	 -24.32	 -22.27	 -19.72	
Max	 29.54	 28.40	 25.74	 24.33	 24.80	 20.90	 22.41	 19.11	 18.14	 18.12	
Range	 58.46	 58.88	 54.67	 53.78	 52.92	 47.05	 48.64	 43.43	 40.41	 37.84	
	
Table	9:	Earnings	Price	decile	portfolios		
E/P	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.91	 0.82	 0.93	 0.88	 0.91	 1.02	 1.10	 1.10	 1.18	 1.23	
Median	 1.10	 0.97	 1.13	 0.93	 1.09	 1.25	 1.16	 1.34	 1.38	 1.6	
Std.dev	 5.61	 4.67	 4.47	 4.34	 4.39	 4.24	 4.34	 4.48	 4.74	 5.19	
Min	 -25.89	 -23.85	 -22.52	 -23.35	 -22.53	 -23.86	 -19.83	 -19.07	 -18.95	 -22.26	
Max	 22.69	 21.52	 17.53	 15.31	 18.61	 21.3	 19.37	 23.64	 26.25	 26.07	




Ind	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 1.04	 0.83	 0.96	 0.97	 1.01	 0.85	 1.04	 1.07	 0.83	 0.94	
Median	 1.04	 0.75	 1.24	 0.91	 1.03	 1.02	 1.00	 1.15	 0.91	 1.36	
Std.dev	 4.21	 6.20	 4.85	 5.43	 6.34	 4.58	 5.09	 4.81	 3.96	 5.21	
Min	 -21.03	 -32.63	 -27.33	 -18.41	 -25.96	 -16.36	 -28.23	 -20.46	 -12.65	 -23.58	
Max	 18.88	 42.63	 17.5	 24.56	 20.76	 21.36	 25.86	 29.52	 18.84	 20.22	




BM&ME	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.70	 1.17	 1.18	 1.39	 1.50	 0.90	 1.16	 1.25	 1.31	 1.38	
Median	 1.09	 1.41	 1.23	 1.44	 1.51	 1.32	 1.45	 1.44	 1.52	 1.77	
Std.dev	 7.84	 6.86	 5.92	 5.64	 5.93	 7.08	 5.92	 5.37	 5.20	 5.97	
Min	 -34.22	 -30.95	 -28.77	 -28.89	 -28.87	 -32.72	 -31.66	 -28.40	 -25.03	 -28.83	
Max	 38.90	 41.05	 28.16	 27.84	 33.88	 28.18	 26.12	 26.33	 27.58	 29.71	
Range	 73.12	 72.00	 56.93	 56.73	 62.75	 60.90	 57.77	 54.73	 52.62	 58.55	
	
Table	12:	Investment	decile	portfolios		
INV	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 1.11	 1.14	 1.04	 0.99	 0.96	 0.92	 0.95	 0.89	 0.90	 0.63	
Median	 1.23	 1.23	 1.19	 1.12	 1.20	 1.11	 1.12	 0.96	 1.16	 0.86	
Std.dev	 5.41	 4.78	 4.36	 4.12	 4.21	 4.37	 4.44	 4.78	 5.46	 6.17	
Min	 -26.96	 -21.40	 -21.00	 -18.04	 -18.49	 -21.47	 -23.79	 -23.06	 -24.31	 -28.56	
Max	 20.51	 17.65	 16.63	 17.46	 14.72	 15.83	 15.16	 22.50	 20.30	 19.73	
Range	 47.47	 39.05	 37.63	 35.50	 33.21	 37.30	 38.95	 45.56	 44.61	 48.29	
	
Table	13:	Momentum	decile	portfolios		
MOM	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.20	 0.69	 0.85	 0.89	 0.83	 0.90	 0.90	 1.07	 1.12	 1.48	
Median	 0.20	 0.67	 0.83	 0.91	 1.18	 1.16	 1.13	 1.27	 1.54	 1.71	
	 46	
Std.dev	 7.92	 6.10	 5.22	 4.70	 4.38	 4.43	 4.27	 4.38	 4.73	 6.09	
Min	 -26.12	 -24.85	 -23.31	 -18.65	 -21.48	 -23.77	 -24.28	 -20.53	 -26.27	 -26.74	
Max	 45.46	 35.50	 33.78	 21.66	 20.81	 16.68	 17.49	 19.75	 21.83	 23.07	
Range	 71.58	 60.35	 57.09	 40.31	 42.29	 40.45	 41.77	 40.28	 48.10	 49.81	
	
Table	14:	Profit	decile	portfolios		
Profit	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.25	 0.39	 0.53	 0.60	 0.75	 0.48	 0.57	 0.74	 0.74	 0.63	
Median	 0.92	 1.12	 0.91	 0.86	 0.95	 1.29	 0.96	 1.15	 0.98	 0.89	
Std.dev	 7.19	 5.73	 5.02	 4.70	 5.11	 4.46	 4.19	 4.13	 4.08	 3.90	
Min	 -25.57	 -24.51	 -16.73	 -23.68	 -19.79	 -14.56	 -16.51	 -13.90	 -16.29	 -15.47	
Max	 15.98	 15.21	 15.86	 12.45	 15.68	 11.34	 11.25	 11.73	 11.71	 10.23	
Range	 41.55	 39.72	 32.59	 36.13	 35.47	 25.90	 27.76	 25.63	 28.00	 25.70	
	
Table	15:	Accruals	decile	portfolios		
ACC	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 1.07	 0.99	 0.96	 0.93	 0.95	 0.86	 0.89	 0.96	 0.81	 0.62	
Median	 1.25	 1.26	 1.10	 1.14	 1.12	 1.09	 1.09	 0.99	 1.15	 0.98	
Std.dev	 5.70	 5.21	 4.60	 4.32	 4.06	 4.43	 4.55	 4.96	 5.32	 6.03	
Min	 -25.08	 -22.57	 -25.04	 -18.80	 -19.07	 -20.78	 -19.25	 -23.98	 -29.28	 -28.90	
Max	 20.40	 19.83	 16.39	 16.67	 14.34	 21.68	 16.72	 16.73	 24.61	 19.20	
Range	 45.48	 42-40	 41.43	 35.47	 33.41	 42.46	 35.97	 40.71	 53.89	 48.10	
	
Table	16:	Cashflow	Price	decile	portfolios		
CFP	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.86	 0.91	 0.93	 0.92	 0.98	 0.89	 1.03	 1.08	 1.14	 1.23	
Median	 1.14	 0.94	 1.04	 1.20	 1.17	 1.14	 1.09	 1.37	 1.38	 1.52	
Std.dev	 5.47	 4.63	 4.47	 4.46	 4.47	 4.43	 4.31	 4.37	 4.42	 5.17	
Min	 -26.02	 -23.44	 -22.11	 -22.97	 -25.85	 -23.01	 -23.68	 -20.02	 -20.27	 -22.80	
Max	 23.09	 22.65	 15.75	 15.77	 20.03	 14.79	 18.47	 22.70	 24.98	 26.14	




DY	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.88	 0.87	 0.92	 0.96	 0.86	 0.98	 0.99	 1.05	 1.00	 0.96	
Median	 1.15	 1.12	 1.07	 1.21	 1.01	 1.09	 1.17	 1.68	 1.10	 0.98	
Std.dev	 5.60	 4.98	 4.88	 4.60	 4.67	 4.33	 4.29	 4.10	 4.09	 4.41	
Min	 -26.88	 -26.01	 -23.36	 -24.01	 -25.13	 -22.61	 -21.97	 -20.06	 -18.38	 -29.14	
Max	 22.97	 21.09	 20.25	 26.59	 21.46	 18.69	 13.96	 19.38	 18.48	 28.33	
Range	 49.85	 47.10	 43.61	 40.60	 46.59	 41.30	 35.93	 39.44	 36.86	 57.47	
	
Table	18:	Short	Term	Reversal	decile	portfolios		
STR	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.98	 1.11	 1.14	 1.02	 0.98	 0.88	 0.89	 0.87	 0.73	 0.64	
Median	 1.09	 1.18	 1.37	 1.33	 1.16	 1.23	 1.13	 1.18	 0.84	 0.79	
Std.dev	 7.14	 5.65	 5.03	 4.66	 4.41	 4.27	 4.23	 4.36	 4.66	 5.39	
Min	 -29.14	 -25.56	 -24.07	 -21.09	 -21.39	 -18.47	 -20.70	 -20.47	 -26.84	 -27.10	
Max	 34.93	 27.27	 22.21	 20.69	 19.07	 13.96	 15.34	 16.45	 20.11	 24.41	
Range	 64.39	 52.83	 46.28	 41.78	 40.46	 32.63	 36.04	 36.92	 46.95	 51.51	
	
Table	19:	Long	Term	Reversal	decile	portfolios		
LTR	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 1.22	 1.07	 1.08	 1.01	 1.02	 1.00	 0.99	 0.98	 0.88	 0.87	
Median	 1.04	 1.13	 1.23	 1.21	 1.37	 1.22	 1.21	 1.34	 1.04	 1.14	
Std.dev	 6.65	 5.20	 4.73	 4.43	 4.33	 4.21	 4.28	 4.32	 4.68	 5.80	
Min	 -29.92	 -28.59	 -25.75	 -25.35	 -20.86	 -22.49	 -20.40	 -17.16	 -23.11	 -24.41	
Max	 39.08	 30.86	 23.66	 22.96	 21.33	 17.66	 21.73	 15.69	 16.75	 25.58	
Range	 69.00	 59.45	 49.41	 48.31	 42.19	 40.15	 42.13	 32.85	 39.86	 49.99	
	
Table	20:	Market	Beta	decile	portfolios		
MaBe	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.93	 0.91	 0.95	 1.06	 0.90	 0.99	 0.84	 0.97	 0.92	 0.85	
Median	 1.10	 0.94	 1.01	 1.12	 1.15	 1.29	 1.21	 1.11	 1.23	 0.92	
Std.dev	 3.49	 3.85	 4.09	 4.65	 4.82	 5.51	 5.50	 6.11	 6.74	 7.95	
	 48	
Min	 -13.05	 -15.12	 -20.32	 -23.99	 -24.36	 -24.78	 -27.16	 -26.26	 -29.69	 -33.14	
Max	 18.66	 18.71	 15.46	 18.76	 18.25	 20.08	 18.24	 26.66	 31.92	 33.5	
Range	 31.71	 33.83	 35.78	 42.75	 42.61	 44.86	 45.50	 52.92	 61.61	 66.66	
	
Table	21:	Net	Share	Issues	decile	portfolios		
NSI	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.95	 0.85	 0.87	 1.00	 1.02	 1.02	 0.92	 0.75	 0.65	 0.40	
Median	 1.02	 1.04	 1.04	 1.10	 1.15	 1.48	 1.24	 1.06	 1.05	 0.71	
Std.dev	 4.45	 4.50	 4.71	 4.89	 4.88	 5.45	 5.58	 5.57	 5.40	 5.70	
Min	 -20.58	 -20.50	 -23.68	 -25.59	 -26.17	 -25.93	 -21.03	 -23.31	 -24.93	 -25.99	
Max	 16.83	 18.87	 18.26	 21.26	 16.53	 18.72	 23.46	 18.93	 18.74	 21.63	
Range	 37.41	 39.37	 41.94	 46.85	 42.70	 44.65	 44.49	 42.24	 43.57	 47.62	
	
Table	22:	Residual	Variance	decile	portfolios		
ResVar	 Lo10	 Dec2	 Dec3	 Dec4	 Dec5	 Dec6	 Dec7	 Dec8	 Dec9	 Hi10	
Mean	 0.94	 0.97	 0.90	 0.99	 0.98	 1.13	 0.90	 1.09	 0.83	 0.78	
Median	 1.04	 1.20	 1.09	 1.28	 1.16	 1.35	 1.07	 1.33	 1.04	 0.66	
Std.dev	 3.60	 4.61	 4.51	 4.85	 5.12	 5.56	 6.04	 6.66	 7.46	 8.55	
Min	 -14.32	 -20.93	 -20.36	 -24.51	 -24.71	 -26.90	 -29.73	 -30.27	 -31.42	 -32.66	
Max	 13.91	 17.81	 17.88	 20.70	 16.40	 21.98	 21.19	 30.86	 31.23	 33.03	
Range	 28.23	 38.74	 38.24	 45.21	 41.10	 48.88	 50.92	 61.13	 62.65	 65.59	
	
Table	23:	Risk-free	rate		
	 Mean	 Sd	 Min	 Max	 Range	
RF	 0.38	 0.26	 0.00	 1.35	 1.35	
MKTMRF	 0.67	 0.586	 -29.13	 38.85	 67.98	
HML	 0.49	 0.391	 -13.28	 35.46	 48.74	

























































































































































































































































































































should	 be	 added	 more	 portfolio	 optimization	 strategies.	 Mean-variance	 (Utility)	 and	
Minimum-variance	(S)	are	the	portfolio	optimization	strategies.	
































best	 investment	 for	 an	 individual	 as	 per	 his	 income,	 age	 and	 ability	 to	 take	 risks.	 If	 a	







could	 pick	 another	 datasets	 that	 are	 applied	 and	 try	 with	 other	 datasets	 to	 test	 for	




to	 in	 the	 thesis.	 One	 could	 also	 present	 other	 optimized	 strategies	 and	 other	
performance	 measures	 to	 add	 more	 deepness	 in	 the	 analysis.	 There	 are	 some	
possibilities	here	that	have	not	been	completed	by	this	project.	
	
